International and domestic tourism are leading economic activities in the world today.
Introduction
Over the past six decades, the substantial growth in tourism activity has clearly marked tourism as one of the most remarkably important and rapidly growing sectors in the world economy. It is presently ranked fourth after fuels, chemicals and automotive products. (Tourism Highlights, 2009 ). For many developing countries, tourism is one of the main income sources that leads to exports of goods and services, generates employment, and creates opportunities for economic development. Table 1 ).
[Insert Table 1 In terms of North-East Asia, tourist arrivals to South-East Asia have accounted for over 30% of the market share in the Asia and the Pacific international tourist arrivals. In Figures 2 and   3 , the intra-ASEAN tourism (that is, ASEAN arrivals) is deemed to be important as extra-ASEAN tourism (that is, non-ASEAN arrivals) in this sub-region as ASEAN member countries sustained their collaboration to increase intra-ASEAN travel and fortified the promotion of the ASEAN region as a major destination for intra-ASEAN and inter-ASEAN travel.
[Insert Figures 2 and 3 here]
Sharing some similarities in climate, the archeological background and cultural influence brought from India, China, Muslim-nations and Europe have led to unification among the nations of South-East Asia. These similarities seem to have installed an influence on both regional tourism collaboration and regional tourism competitiveness. It is interesting to explore the interdependence between tourism in ASEAN, where each country could benefit and suffer from the shocks that occur in neighbouring countries. For example, negative shocks, which may capture political instability, terrorism, violent criminal behavior, and natural disasters, generally have the potential to generate volatility in tourism demand.
Examining whether the impact of shocks to tourism demand in one destination would be volatile on the demand for international tourism in neighbouring destinations is a major aspect of the paper.
Given the importance of understanding the dependence on tourism in ASEAN, this paper estimates the conditional variance, or volatility, of monthly international tourist arrivals to four leading South-East Asian tourism countries, namely Malaysia, Thailand, Singapore and Indonesia. The estimates provide an indication of the relationship between shocks to the growth rate of monthly international tourist arrivals in each major destination in South-East Asia through the multivariate GARCH framework. The analysis of uncertainty in monthly 6 international tourism arrivals to these major destinations has not been empirically investigated in the tourism literature. The results indicate the existence of tourism interdependence among these countries.
The structure of the remainder of the paper is as follows. Section 2 reviews the tourism volatility research literature. Section 3 discusses the univariate and multivariate GARCH models to be estimated. Section 4 gives details of the data, descriptive statistics and unit root tests. Section 5 describes the empirical estimates and some diagnostic tests of the univariate and multivatiate models. Some concluding remarks are given in Section 5.
Literature Review
Tourism demand modelling and estimation rely heavily on secondary data. It can be divided broadly into two categories, based on non-causal time series models and causal econometric approaches. The primary difference between two is whether the forecasting model identifies any causal relationship between the tourism demand variable and its influencing factors. The focus in this paper is on time series tourism modelling, which pays particular attention to exploring the historical trends and patterns in the time series ARMA-based models comprise one of the most widely used methods in time series analysis.
A recent example based on time series methods to analyze tourism demand is Lim and McAleer (1999) , who used ARIMA models to explain the non-stationary seasonally unadjusted quarterly tourist arrivals from Malaysia to Australia from 1975(1) to 1996(4).
HEGY (Hylleberg, Engle, Granger, and Yoo (1990) ) framework was used as a pre-test for seasonal unit root. The finding of seasonal unit root tests in international tourist arrivals from Malaysia shows evidence of a stochastically varying seasonal pattern. A deterministic seasonal model generated by seasonal dummy variables is likely to be a less appropriate univariate seasonal representation than the seasonally integrated process proposed by HEGY, and including deterministic seasonal dummy variables to explain seasonal patterns is likely to produce fragile results if seasonal unit roots are present. Lim and McAleer (2002) estimated Australian tourism demand from Asian source markets over the period 1975(1)-1984(4) by using various ARIMA models. As the best fitting ARIMA model is found to have the lowest 7 RMSE, this model is used to obtain post-sample forecasts. The fitted ARIMA model forecasts tourist arrivals from Singapore for the period 1990(1)-1996(4) very well. Although the ARIMA model outperforms the seasonal ARIMA models for Hong Kong and Malaysia, the forecasts of tourist arrivals are not as accurate as in the case of Singapore. Goh and Law (2002) introduced a multivariate SARIMA (MSARIMA) model, which includes an intervention function to capture the potential spillover effects of the parallel demand series on a particular tourism demand series. They showed that MSARIMA model significantly improved the forecasting performance of the simple SARIMA as well as other univariate time-series models. In a similar study, Du Preez and Witt (2003) investigated the intervention effects of the time series models on forecasting performance within a state space framework. It was found that the multivariate state space time series model was outperformed by the simple ARIMA model. The application of time-series method in tourism demand analysis can also be found in McAleer (2000, 2001) , Cho (2001 Cho ( , 2003 , Witt (2003a, 2003b) , Gil-Alana et al. (2004) , Coshall (2005 Coshall ( , 2009 Another extension of the time series analysis of tourism demand has been the application of the Generalized Autoregressive Conditional Heteroscadastic (GARCH) model. The GARCH model has been used widely in financial econometrics to investigate the volatility of the time series. Univariate models of volatility in tourism demand have been used in, for example, Shareef and McAleer (2005) , ), Chang et al. (2009a ), and Divino and McAleer (2009a at different time series frequencies, ranging from monthly to daily data. Although the volatility concept is becoming increasingly popular in tourism research, few studies have yet applied multivariate models of volatility in tourism demand. In this respect, Chan et al. (2005) applied three multivariate GARCH models to examine the volatility of tourism demand for Australia and the effect of various shocks in the tourism demand models. The results suggested the presence of interdependent effects in the conditional variances between four leading countries, namely Japan, New Zealand, UK and USA, and asymmetric effects of shocks in two of the four countries. were analyzed using multivariate models of conditional volatility. The empirical results showed that Cyprus and Malta were complementary destinations for international tourists, such that changes to tourism patterns in Cyprus led to changes in tourism patterns in Malta.
Econometric methodology

Univariate Conditional Volatility Models
Following Engle (1982) 
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In order to estimate the parameters of model (1) Bollerslev (1986) showed the necessary and sufficient condition for the second-order stationarity of GARCH is In order to capture asymmetric behavior in the conditional variance with alternative model, Nelson (1991) proposed the Exponential GARCH (EGARCH) model, namely: and ergodicity for EGARCH(1,1); (iii) Shephard (1996) observed that 1   is likely to be a sufficient condition for consistency of QMLE for EGARCH(1,1); (iv) as the standardized residuals appear in equation (4), 1   would seem to be a sufficient condition for the existence of moments; (v) in addition to being a sufficient condition for consistency, 1   is also likely to be sufficient for asymptotic normality of QMLE for EGARCH (1,1); and (6) moment conditions are required for the GARCH and GJR models as they are dependent on lagged unconditional shocks, whereas EGARCH does not require moment condition to be established as it depends on lagged conditional shocks (or standardized residuals).
Multivariate Conditional Volatility Model
This section presents models of the volatility in tourism demand, namely the CCC model of Bollerslev (1990) , VARMA-GARCH model of Ling and McAleer (2003) , and VARMA- The typical specifications underlying the multivariate conditional mean and conditional variance in the log arrival rate are as follows:
 is a sequence of independently and identically distributed (iid) random vectors, t F is the past information available to time t,
The constant conditional correlation (CCC) model of Bollerslev (1990) 
where ij  and ij  represents the ARCH and GARCH effects, respectively. The conditional correlation matrix of CCC is
From (1),
, and   and each conditional correlation coefficient is estimated from the standardized residuals in (5) and (6). Therefore, there is no multivariate estimation involved for CCC, except in the calculation of the conditional correlations.
It is interesting that CCC does not contain any information regarding cross-country or asymmetric effect. In order to accommodate possible interdependencies, Ling and McAleer (2003) proposed a vector autoregressive moving average (VARMA) specification of the conditional mean in (5) and the following specification for the conditional variance:
where (5)- (8) are obtained by maximum likelihood estimation (MLE) using a joint normal density. When t  does not follow a joint multivariate normal distribution, the appropriate estimator is defined as the Quasi-MLE (QMLE).
Data
In this paper, we focus on modelling conditional volatility and examining the interdependence of the logarithm of the monthly tourist arrival rate (the difference of the logarithm of the monthly tourist arrivals or growth rates) of four leading South-East Asian [Insert Figure 4 here]
As each monthly tourist arrivals series contains distinct seasonal patterns, the corresponding tests for seasonal unit roots that have been extended from the Hylleberg et al. (1990) 
where
is a polynomial function of B , and the variables in (9) are given as  differ from zero, there are no seasonal unit roots. Franses (1997) at the 5% level, signifying that each series rejects the presence of unit roots at all seasonal frequencies. Thus, the seasonal pattern can be adequately represented by deterministic seasonal dummies.
[Insert Table 3 here]
The characteristic of tourist arrivals series in Figure 4 may be due to a level shift or a structural break. If there is a shift in the level of tourist arrivals, it should be taken into account for the unit root test because the traditional ADF test has very low power if the shift is ignored (see Perron (1989) ). One possible approach is to include the shift function, denoted Lanne et al. (2002 Lanne et al. ( , 2003 for further details).
Hence, the model can be represented as follows:
where  and  are unknown parameters and parameter vectors, respectively, and the stochastic process 
Based on OLS estimation of this model, the unit root test statistic is obtained as the usual tstatistic for the null hypothesis of a unit root, 1 Lanne et al. (2002) ). Thus, each tourist arrival series is found to have a unit root.
[Insert Table 4 here] Figure 5 presents the graphs of the logarithm of the monthly tourist arrival rate of four countries. All countries show distinct seasonal patterns, but no time trend pattern exists.
Surprisingly, while Singapore and Thailand display steady growth in the log of tourist arrival rate, Indonesia and Malaysia exhibit greater volatility, with clustering (namely, periods of high volatility followed by periods of tranquility). Quite evidently, the volatility of tourism arrival rate of Malaysia in the years before 2003 is higher than in subsequent years. As in the plot of the number of tourist arrivals, SARS affected the log arrival rate significantly and negatively. Figure 6 displays the volatilities of the log of tourist arrival rate in four countries, where volatility is calculated as the square of the estimated residuals from an ARMA(1,1)
process. The plots of the volatilities in Figure 6 are similar in all four countries, with volatility clustering and an obvious outlier due to the outbreak of SARS in 2003.
[Insert Figures 5 and 6 here]
Table 5 presents the descriptive statistics for the logarithm of the monthly tourist arrival rate of four countries. The averages of the log of tourist arrival rate of four countries are quite small and similar, while Malaysia has the largest average log arrival rate. The Jarque-Bera
Lagrange Multiplier test statistics of the log of tourist arrival rate in each country are statistically significant, thereby indicating that the distributions of these log of tourist arrival rate are not normal, which may be due to the presence of extreme observations.
[Insert Table 5 here]
The unit root tests for all logarithm of the monthly tourist arrival rate are summarized in [Insert Table 6 here]
Empirical Results
This section models the conditional volatility of the logarithm of the monthly tourist arrival rate from the four leading ASEAN tourism countries, namely Indonesia, Malaysia, Singapore and Thailand, using the CCC, VARMA-GARCH and VARMA-AGARCH models. As the univariate ARMA-GARCH model is nested in the VARMA-GARCH model, and ARMA-GJR is nested in the VARMA-AGARCH model, with the conditional variances specified as in (2) and (3), the univariate ARMA-GARCH and ARMA-GJR models are also estimated.
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The univariate conditional volatility models, GARCH(1,1), GJR(1,1) and EGARCH(1,1), were estimated with different mean equations. Tables 7, 8 and 9 report the estimated parameters using QMLE and the Bollerslev-Wooldridge (1992) robust t-ratios. The empirically satisfactory log-moment and second moment conditions were also calculated, and are available from the authors upon request.
The univariate GARCH estimates for the logarithm of the monthly tourist arrival rate are given in Table 7 . The coefficients in the mean equation are statistically significant for ARMA(1,1) for the log arrival rate series. Surprisingly, the coefficients in the variance equation are statistically significant, both in the short run and long run, only for Malaysia, and for Singapore only in the short run.
[Insert Table 7 here]
The results of two asymmetric GARCH(1,1) models, namely GJR(1,1) and EGARCH (1,1), are reported in Tables 8 and 9 . For GJR(1,1), only the coefficients in the mean equation for AR(1) are statistically significant, whereas the ARMA(1,1) coefficients are statistically significant only for Indonesia, Malaysia and Thailand. The estimates of the asymmetric effects of positive and negative shocks of equal magnitude on the conditional volatility in the GJR(1,1) model are not statistically significant, except for Indonesia and Thailand in the AR(1)-GJR(1,1) model. Therefore, the GJR model is preferred to GARCH only for Indonesia and Thailand.
[Insert Table 8 here]
For the EGARCH model in Table 9 , the coefficient in the mean equation is statistically significant only for ARMA(1,1). The estimates of the asymmetric effects of positive and negative shocks on the conditional volatility are also not statistically significant, except for Singapore and Thailand. Therefore, the EGARCH (1,1) model is preferred to GARCH only for Indonesia and Thailand.
[Insert Table 9 here] in the log of the monthly tourist arrival rate for both countries are moving in the same direction. However, the CCC model does not contain any information regarding crosscountry spillover or asymmetric effects.
[Insert Table 10 here]
In order to examine the interdependent and dependent effects of volatility from one country on another, and to capture the asymmetric behaviour of the unconditional shocks on conditional volatility, the VARMA-GARCH and VARMA-AGARCH models are also estimated. The corresponding multivariate estimates of the VARMA(1,1)-GARCH(1,1) and VARMA(1,1)-AGARCH(1,1) models for each pair of countries using the BHHH (Berndt, Hall, Hall and Hausman) algorithm, and the Bollerslev-Wooldridge (1992) robust t-ratios, are reported in Tables 11 and 12 . In Table 11 , the ARCH and GARCH effects are significant only for the pairs Thailand_Singapore, Singapore_Indonesia and Singapore_Malaysia, while the pairs Thailand_ Malaysia and Indonesia_Malaysia have only a significant GARCH effect.
In addition, volatility spillovers are found in every pair of countries, except for Thailand_Indonesia. Interestingly, a significant interdependence in the conditional volatilities between the logarithms of the monthly tourist arrival rate is evident in the pair Thailand_Singapore.
[Insert Table 11 here] Indonesia_Malaysia, while the pair Thailand_Singapore only has a significant GARCH effect. In addition, volatility spillovers are found in all pairs of countries, except for GARCH, there is significant interdependence in the conditional volatilities between the logarithms of the monthly tourist arrival rate between Thailand_Singapore. As the asymmetric spillover effects for each log of the tourist rate are not statistically significant, except for Thailand_Singapore, it follows that VARMA-AGARCH is dominated by VARMA-GARCH.
[Insert Table 12 here]
Concluding Remarks
The purpose of the paper was to estimate the conditional variance, or volatility, of monthly international tourist arrivals to the four leading tourism countries in South-East Asia, namely Indonesia, Malaysia, Singapore and Thailand, and to determine the interdependence of international tourism demand of these leading ASEAN destinations, for the period January 1997 to July 2009. The modelling and econometric analysis of volatility in tourism demand can provide a useful tool for tourism organizations and government agencies concerned with travel and tourism. This is especially important for encouraging regional co-operation in tourism development among ASEAN member countries, and for mobilizing international and regional organizations to provide appropriate policy for the tourism industry.
This paper applied several recently developed models of multivariate conditional volatility, namely the CCC model of Bollerslev (1990) , VARMA-GARCH model of Ling and McAleer (2003) , and VARMA-AGARCH model of McAleer et al. (2009) , to investigate the interdependence of international tourism demand, as measured by international tourist arrivals, and its associated volatility, in the leading tourism destinations. The constant conditional correlation between the log of the monthly tourist arrival rate from the CCC model were found to lie in the medium to high range. The highest conditional correlation was between the pair Thailand and Singapore, which suggests that standardized shocks in the log of the monthly tourist arrival rate of both countries are moving in the same direction.
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The use of univariate and multivariate volatility models permits an analysis of the spillover effects of tourist arrivals and their respective growth rates among pairs of ASEAN countries.
The empirical results from the VARMA-GARCH and VARMA-AGARCH models also provided evidence of cross-country dependence in most country pairs. In addition, the results indicated that interdependent effects occur only between the pair Thailand and Singapore.
However, in the conditional variance between the different countries, there is no evidence of volatility spillovers between Thailand and Indonesia. Overall, the use of volatility models for high frequency tourist arrivals and their growth rates enables a more careful and systematic analysis of the interdependence of international tourism demand and volatility.
Tourism Highlights (2009) Notes: (1) The auxiliary regression contains a constant, seasonal dummies and trend.
(2) Entries in bold are significant at the 5% level.
(3) The critical value for testing a unit root with a level shift are based on Franses (2002) . (4) The critical value for testing a unit root with a level shift are based on Lanne et al. (2002) . Note: The two entries for each parameter are their respective parameter estimate and Bollerslev and Wooldridge (1992) robust t-ratios. Entries in bold are significant at the 5% level. 
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